Wisdom of Crowds Detects COVID-19 Severity Ahead of Officially Available
  Data by Turiel, Jeremy et al.
Wisdom of the crowds in forecasting COVID-19
spreading severity
Jeremy Turiel, Delmiro Fernandez-Reyes, and Tomaso Aste
Department of Computer Science, University College London, Gower Street, WC1E6BT London, UK
May 18, 2020
In this work we report that the public reacted on social media at an
early stage of the SARS-CoV-2 pandemic, the virus responsible of
COVID-19, in a surprisingly accurate way. Early social media activ-
ity levels reflected the severity of the disease as registered almost
a month later. Specifically, the intensity of COVID-19 related social
media activity from different Italian, Spanish and United States re-
gions at the beginning of the epidemic, predicts well the total number
of deaths reached almost a month later in each region. More strik-
ingly, at the time of the initial twitter reaction no tabled regional data
on the epidemic was readily available in Italy. By the 24th February
2020 only two regions reported death cases and only three reported
infected subjects. Our findings could underpin the creation of real-
time novelty detection systems aimed at early reporting of SARS-like
mortality and thus early activation of control measures in future pan-
demics.
Predicting the spread of COVID-19 has become the focus
of many academics and amateurs across the globe. There
have been proposed several different modeling tools and intu-
itions for the forecasting of the severity of the infection (1–4)
and, despite some success, there is a shared understanding
that forecasting the spread and growth of the epidemic is a
challenging task. As the spreading mechanism is not yet fully
understood and modelled, predicting the contagion and growth
within countries and the regions in each country, before data
is available, is essentially impossible. However, this task is
extremely useful in order to establish targeted confinement
areas, hence containing the virus more effectively while reduc-
ing the economic and social disruptions due to the lockdown.
The knowledge of this would also allow to allocate resources
efficiently across regions. In the present work we use data
from twitter activity in different Italian, Spanish and United
States regions to estimate crowd perception of the severity of
the event. We then relate the intensity of social media interest
with the severity of the infection in the same region in terms
of the number of deaths registered the following month. Social
sciences often used to forecast product sales by resorting to the
“wisdom of the crowds”. These methods works well especially
when groups are large and connected opinion dynamics and
communication allows crowds to process information (5). In
this work we show that such “wisdom” turns out to be accurate
also in the prediction of COVID-19 infection severity.
We consider the case of Italy, Spain and United States as
twitter activity data is readily available. We focus out analysis
on Italy in particular as this was the first hit country and the
epidemic has now developed to a point where clear distinctions
between regions can be made and data at reasonable forecast
horizons has been observed. Italy being the first country to
be hit allows to analyse less biased data and reaction from
crowds. Furthermore, Italy is made up of a good number of
regions of comparable size with good social media usage as
well as good official data for social media usage to normalise
for.
We analyse tweets from (6), which report COVID-19 related
tweets since the 22nd January 2020 . We have geolocated the
most popular user locations, covering the vast majority of the
dataset, and aggregated the number of unique users discussing
coronavirus each day, per region of each of the considered
countries. For simplicity, we will refer to this as tweet volume.
For the case of Italy, we then adjust tweet volume by the
population active on social media per region, according to
ISTAT∗ data (7, 8). For Spain and the United States we just
adjust by population as no official social media usage data
was found, this might have negatively affected the significance
of the indicator in these two countries (9–12).
The main results are reported in Figures 1, 2, 3 where
the cumulative number of deaths in each region on 7/4/2020
(14/4/2020 for the United States in order to regress on data
for the virus at a more advanced stage, for good statistics
throughout) is plotted in log-scale against the mean adjusted
tweet volume registered between 21-24/2/2020 for Italy, 24-
26/2/2020 for Spain and 3-4/3/2020 for the United States
. Social media reaction has been adjusted by dividing by
the population active on social media in each region, as per
the data reported by ISTAT (7, 8) for Italy and by general
population for Spain and the United States (9–12). This
controls for a bias towards larger regions, although one should
be mindful of the higher variance expected in regions with lower
tweet volume. We note that regional data for the epidemic
was first available on the 24th February 2020 in Italy, hence
after the social media reaction, and at that time most regions
still reported no cases, hence not allowing for statistically
robust forecasting. The crowds therefore reacted on partial
information that was not trivially obtainable from publicly
available data. We point out that we used the number of deaths
in our model instead of confirmed cases, as we have noticed
these to be highly dependent on the number of samples taken
which would require a non-trivial rescaling. The dependence
on samples strengthens the relation with regional population
spuriously.
The evolution of adjusted tweet volume across Italian re-
gions for the period, as well as the growth of reported nation-
wide positive cases and deaths are reported in Figure 4. We
observe an initial peak in late January, perhaps due to the epi-
demic in China, but with little differentiation between regions.
We then observe a second peak of interest from social media in
late February. This appears to be sparked by the endogenous
growth of the infection in Italy being measured and reported.
At the time (21-24/2/2020) only nationwide epidemic data
were available and regional or province breakdowns were only
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Fig. 1. Demonstration that the cumulative number of deaths in each Italian region
on the 7th April 2020 are related to the tweet activity registered a moth earlier. The
horizontal axis represents the mean adjusted twitter volume between the 21st February
2020 and the 24th February 2020. The date range corresponds to the peak in social
media tension and the beginning of the endogenous countrywide spreading being
detected. The vertical axis represent the cumulative number of deaths on the 7th April
2020. This is log-scaled to adjust for the exponential growth of the epidemic. The
"Lazio" region, is a clear outlier as most politicians and institutions tweet from the
capital, Rome and tweets geolocated to country level default to the capital. Symbol
sizes are representative of regional population, to give insight into which data is more
meaningful and representative.
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Fig. 2. Demonstration that the cumulative number of deaths in each Spanish regions
on the 7th April 2020 are related to the tweet activity registered a moth earlier. The
horizontal axis represents the mean adjusted twitter volume between the 24st February
2020 and the 26th February 2020. The date range corresponds to the peak in social
media tension and the beginning of the endogenous countrywide spreading being
detected. The vertical axis represent the cumulative number of deaths on the 7th April
2020. This is log-scaled to adjust for the exponential growth of the epidemic. The
region of “Castilla-La Mancha” was merged with Madrid as many commute between
the two as they are geographically nested. Symbol sizes are representative of regional
population, to give insight into which data is more meaningful and representative.
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Fig. 3. Demonstration that the cumulative number of deaths in each Spanish regions
on the 14th April 2020 are related to the tweet activity registered a moth earlier. The
horizontal axis represents the mean adjusted twitter volume between the 3st March
2020 and the 4th March 2020. The date range corresponds to the peak in social
media tension and the beginning of the endogenous countrywide spreading being
detected. The vertical axis represent the cumulative number of deaths on the 14th
April 2020. This is log-scaled to adjust for the exponential growth of the epidemic. The
"District of Columbia" state, is a clear outlier as most politicians and institutions tweet
from the capital, Washington D.C. and tweets geolocated to country level default to
the capital. Symbol sizes are representative of regional population, to give insight into
which data is more meaningful and representative.
scattered across the news. In Figure 4 we colour-code Italian
regions according to the ISTAT† characterisation of Northern,
Central and Southern. We observe how northern, central and
southern regions cluster in order, with regions most hit by the
epidemic ranking higher. This seems to suggest that the initial
reaction of users on social media had efficiently processed data
scattered throughout news channels and performed an accu-
rate risk assessment which is observable in the adjusted social
media reaction. Analogous plots for Spain and the United
States are presented in Figures 5, 6, analogous observations
can be made although no clustering was applied to countries
other than Italy.
To check that the values of the epidemic are not trivially
related to the size of the population in each region (7) and
that our analysis adds to this we perform and compare three
regression models:
1. adjusted tweets vs. log death cases;
2. log population vs. log death cases;
3. adjusted tweets and log population vs. log death cases.
As it can be noticed from Figure 1, “Lazio” is an outlier for
Italy due to politicians and central bodies tweeting from it as
well as national geolocation defaulting to the capital. This
region has been therefore removed from the regression. We
also log scale the population to allow for a fair comparison
as we notice a sub-linear relation to the number of deaths.
Analogously for Spain, the region of “Castilla-La Mancha” was
merged with Madrid as many commute between the two as
they are geographically nested. For the US we exclude “Dis-
trict of Columbia”, due to the over representation of tweets
from Washington D.C. In order to correct for variability in the
data we weight the regression loss by region/state population
† Istituto Nazionale di Statistica
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Fig. 4. Representation of the number of active tweet users posting on COVID-19 per
day, geolocated and aggregated by Italian region. Regions are coloured according
to their classification into Northern, Central or Southern. The plot also Displays
the growth of positive COVID cases nationwide as well as the cumulative number
of deaths due to the virus. We notice a hierarchy and clustering between different
regional areas as the pandemic beings to spread and social media attention peaks
(21-24/2/2020). The clusters in particular reflect how areas will be hit by the pandemic.
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Fig. 5. Representation of the number of active tweet users posting on COVID-19 per
day, geolocated and aggregated by Spanish region. The plot also Displays the growth
of positive COVID cases nationwide as well as the cumulative number of deaths due
to the virus. We notice a hierarchy and clustering between different regional areas as
the pandemic beings to spread and social media attention peaks (24-26/2/2020).
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Fig. 6. Representation of the number of active tweet users posting on COVID-19 per
day, geolocated and aggregated by US state. The plot also Displays the growth of
positive COVID cases nationwide as well as the cumulative number of deaths due to
the virus. We notice a hierarchy and clustering between different regional areas as
the pandemic beings to spread and social media attention peaks (3-4/3/2020).
(square root of). Population can be viewed as a proxy for in-
verse variance of the data samples, more data samples (usually
proportional to population size) allow for better statics and
reduce uncertainty and hence variance. This is the correct way
to account for uncertainty in regression data and avoid data
leakage by weighting with a previously existing dataset. This
happens to also correct for relevance of larger states in the
epidemic which have the potential to spread more and play a
more systemic and critical role. It should also be noted that
population data is quite accurate for small regions, despite
its importance for our task being marginal. This would bias
the regression towards an accurate population survey which
is clearly not biased by sampling errors and the need for live
analysis as our data for both social media and COVID-19. We
report in Table 1 p-values for the coefficients as well as R2 for
the three regression models.
The weighted regressions are summarised in Table 1, where
we show the validity of our indicator for the United States
as well. We notice that the US have taken a very different
approach from European Countries, as well as a wide range of
policies where states are independent and differ. We include
this in the analysis, but not that there are many exogenous fac-
tors that have augmented heterogeneity in the virus’ spreading
in the United States. By applying a (log-)linear regression we
do not necessarily imply a linear relation, rather a simple way
to prove a trend. The (log-)linear relation seems plausible for
most countries in Europe where regions have little autonomy
and similar policies were applied throughout the country. In
the United States, where we were though unable to obtain
official social media usage data to normalise, there seems to
be a sublinear relationship. This simply shows the autonomy
of state governors and their widely different policies. States
which were most hit, or forecasted to be so, adopted stricter
measures, hence positioning themselves below the trend line.
New York was the first seriously hit state, which was caught
more by surprise and suffered wider spreading before it was
able to react.
We are now driven to apply an analogous second set of
regressions, with no weighting, in order to verify the general
Regression index padjusted tweets plog population R2
Italy 1 2 · 10−7 - 0.798
Italy 2 - 9 · 10−4 0.456
Italy 3 3 · 10−6 1 · 10−2 0.857
Spain 1 9 · 10−6 - 0.703
Spain 2 - 8 · 10−4 0.482
Spain 3 2 · 10−4 2 · 10−2 0.788
United States 1 5 · 10−6 - 0.340
United States 2 - 9 · 10−4 0.189
United States 3 1 · 10−3 3 · 10−1 0.343
Table 1. Tabular summary of coefficient p-values and R2 values
for the POPULATION WEIGHTED REGRESSIONS (no outliers due
to bad data removed apart from rome where rationale was given
and regions merged such as madrid) regressions discussed above.
We confirm that adjusted tweets are a better regressor for the fu-
ture number of deaths. The regression is performed using the
statsmodels.api.WLS class from (13).
Regression index padjusted tweets plog population R2
Italy 1 5 · 10−4 - 0.489
Italy 2 - 9 · 10−3 0.431
Italy 3 3 · 10−4 8 · 10−4 0.737
Spain 1 4 · 10−4 - 0.580
Spain 2 - 2 · 10−3 0.475
Spain 3 3 · 10−2 1.6 0.613
United States 1 3 · 10−2 - 0.073
United States 2 - 1 · 10−13 0.680
United States 3 3 · 10−1 1 · 10−12 0.681
Table 2. Tabular summary of coefficient p-values and R2 values for
the regressions discussed above. We confirm that adjusted tweets
are a better regressor for the future number of deaths. The regres-
sion is performed using the statsmodels.api.OLS class from (13).
value of the analysis. Results are presented in Table 2. We ex-
pect worse and more unstable values without weights especially
for the United States, where state population is heterogeneous
and states adopted widely different response approaches.
For Italy, it can be inferred from Table 2 that adjusted
tweet volume is a better regressor than log population. This is
shown by both the higher R2 value in regression 1 with respect
to regression 2, and by the significant p-value for tweets in
regression 3. For Spain we can notice results qualitatively
similar to those for Italy, where twitter activity is a better
regressor and remains significant even when population is
added. In the case of Spain, twitter activity explains away
population making it not significant. Due to the great het-
erogeneity between US states as well as their larger size we
expect that, by not accounting for the different population
sizes and available statistics for different states, we are not
able to extract information from out twitter signal for the
United States.
We conclude that this is an important example of crowd
wisdom in a phenomenon which is not directly controlled by
the population or its opinion. These results indicate that
social media activity may be used to forecast the severity of
the spreading of COVID-19 in different countries at an early
stage when data from the effect of the disease are not available
yet.
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